Abstract-Risky behavior including violence and aggression, self-injury, anger outburst, domestic violence along with selfinjury, sexual abuse, rule-breaking, use of drugs and alcohol, suicide, etc. are alarming issues among US military veterans who return from combat zone deployment in Iraq and Afghanistan. Veterans are exposed to trauma in war zones which affect most of them with post-traumatic stress disorder (PTSD) or other mental health problems to some degree. Studies have shown that veterans have much higher rates of PTSD than civilians and are more likely to engage in risky behavior. One of the forms of displaying and engaging in risky behaviors is through gestures. We collaborated with veterans and social scientists to find the list of 13 gestures that are often used by veterans engaged in risky behaviors.
I. INTRODUCTION
One of the worrying issues among US military veterans who return from deployment in combat zones in Iraq and Afghanistan is the mental illness from trauma and mental health issues like post-traumatic stress disorder (PTSD), from the ordeal of combat. Many veterans experience troubles reintegrating back to society and civilian lifestyle once they return home. That results in ending up being jobless, loss of home, domestic issues, alcohol and drug abuse, and other physical and psychological difficulties. These issues slowly push the veterans towards more mental stress and engage in risky behavior and engage in crisis situations.
The veteran population has a higher rate of PTSD compared to the civilian population. Some studies have shown that veterans who have displayed more depressive and PTSD symptoms are reported to express more risky behaviors [1] . Reckless behavior can increase and, in some cases, worsen the PTSD among veterans. According to the United States Department of Veteran Affairs (VA), the suicide risk among veterans is 50% higher than that of the civilian population [2] . The VA has taken initiatives over the years to tackle the mental health (MH) issues among the veterans. However, the issue is still at large and generating more attention day by day. The VA's National Center for PTSD recommends reconceptualizing PTSD [3] .
Our research aims to detect the risky behavior among veterans by studying and analyzing their gesture pattern, and thus detect crisis events. To identify the early warning signs of risky behaviors, we focused on determining the gestures by conducting an extensive ethnographic study on collecting accelerometer data and physiological data from wearable sensors. This paper describes our approach to identify gesture clusters from the accelerometer coordinate data and development of a predictive model that can classify the gestures. By predicting risky behavior, we intend to intervene if possible before a crisis event goes out of hand.
II. BACKGROUND WORKS
Different research efforts have focused on detecting gestures from sensors data, analyzing gait patterns and image recognition. Equally, there is evidence of research on human behavior and risky behavior detection. A user-dependent system uWave [4] was developed that can recognize eight simple gestures with an accuracy of 98.6%. Another system iCap was developed [5] that is used to comprehend the mental model of it users based on context awareness. In our research, we aim to merge the two fields of behavior analysis and gesture recognition.
Even if we can predict crisis events and signs of risky behavior by analyzing the gestures of the veterans, we need to deliver that information to a family member, a peer support provider, or a clinician who can intervene and act. A convenient way to send this time critical information to others is to use a smartphone application. The VA lists a number of phone applications that include self-help apps and are ready to use by the veterans going through trauma [6] .
A. Initial Work
Other researchers in our research lab have worked with different aspects of veterans' mental health issues for over five years. A study was done on developing a mobile application that aims to assist veterans to reintegrate into civilian life [7] . The continuation of that work was conducted in two other research that developed applications that coordinate data collection that is potentially relevant for monitoring high-risk behaviors in veterans [8] and a generic m-health tool for continuous assessment, automatic intervention, and analysis of veteran mental health-related issues [9] .
The research team worked closely with the Dryhootch of America, a non-profit organization that is formed by combat veterans to help veterans in their return home [10] . The partnership with Dryhootch enabled us to be involved directly with community engagement. The partnership has produced several research products linked to community-based veteran engagement in MH and general health care for veterans. As a part of the research [9] , a peer-mentor support smartphone application Quick Reaction Force (QRF) was developed, that collects prototype self-report data from at-risk veterans and are sent to the peer-mentor for review. All these prior research work in the lab has set the ground towards the research and development of a system that would provide an acceptable prediction of aggressive behavior among veterans with PTSD from smartphone application and sensor data.
An essential element to predict high-risk behavior among the MH patients (i.e., veterans) is to get timely information and accurate data about these behaviors and symptoms. To get timely data we selected a wearable wristband that collected physiological data and accelerometer data which is connected to the internet via smartphones and had collected nearly 39,000 data points from the accelerometer sensor of that wearable device.
B. Research Method
The steps of the research methodology have four steps. The steps are illustrated in the flow diagram in Figure 1 .
• In step 1, we collect 3-axis accelerometer sensor data from the E4 device.
• In step 2, we label the data with timestamps and gestures. This step includes synchronizing and mapping the time stored in the E4 with the time when the subjects performed gestures.
• In step 3, we ran expectation maximization clustering algorithms on the data we collected to find data clusters that indicate our gestures. Once the clusters are found, we ran a supervised learning algorithm, the k-nearest neighbor classifier on the labeled data to classify them into gestures. We used MATLAB and Weka machine learning toolkit to run the clustering and classification techniques. 
C. Ethnographic Research
The social scientists in the research team conducted extensive ethnographic research from small focus groups with highrisk veterans to observe the "lived experience" of veterans with a history of anger issues. The multidisciplinary research team consisting of anthropologists, computer scientists, and clinical psychologists met with three high-risk veterans for seven sessions to conduct the ethnographic research. The social scientists used open-ended interviews to elicit the contexts and bodily experiences leading up to angry outbursts. A sample of the field notes taken during the focus group meetings is shown in Figure 2 above.
From the field notes, the anthropologist on our team used descriptive coding to develop a list of dimensions to design a general taxonomy of warning signs (scenarios, social settings, and gestures), which was further developed in detail by the entire team by reviewing and commenting on the field notes [11] .
D. Simulated Aggressive Gestures
At this stage, we worked with professional actors to simulate rage, frustration, aggressive gestures and behavior and other high emotional intensity events. The rationale behind choosing actors rather than any student or volunteer from the lab is these artists are professionally trained to method acting and imbue emotions. The physiological data was precise and the closest to the real-world data that we could collect. The actors acted out the gestures in a series of simulations wearing the E4 wristband in their hand, while we collected data. The set of images below in Figure 3 are a sample set of the gestures the method actors made during the data collection sessions.
The social scientists in the research team selected 13 gestures for the actors to act out, listed in Table I . These gestures were selected based on the findings from the ethnographic study. Each gesture from Table I was repeatedly performed at least for three times for lesser errors. However, the actors were also free to use other gestures and were encouraged to improvise [11] . The scenarios acted were a formal scripted interaction using Shakespeare and modern theater scripts. Veterans were present in the room while data was collected.
The justification of them being in the room is to ensure member checking for the qualitative research [12] [13], along with credibility and validation of the approach. The next step was to label the data we collected. From the labeled data we would try to apply classification algorithms to develop a predictive model that would accurately classify the gestures.
III. EXPERIMENTATION
We selected the E4 wristband from Empatica for data collection, which is a wearable device is equipped with a collection of sensors collecting physiological data in real time [14] . We were able to collect high-quality sensor data with the 5 sensors onboard E4 that provides 6 parameters including 1) 3-axis accelerometer data, 2) blood pressure volume, 3) heart rate variance, 4) body temperature, and 5) galvanic skin response. Empatica provides a web application interface "Empatica Connect" where researchers can create their user account, visualize the data, and download a raw comma separated file format (.CSV) files for further analysis. Each session is saved as a separate entry in the online database.
Our aim for this research is to collect meaningful accelerometer sensor data from E4 to predict risky behavior that the veterans might demonstrate. However, working with the high-risk veteran population suffering from PTSD raises serious and complex legal and ethical issues. Although we had IRB approval to collect sensor data from high-risk veterans passively, we decided it was not a rational nor an ethical decision to ask the high-risk veterans suffering from PTSD to wear the E4 device and wait for them to act dangerously in the real world to collect data for the research.
The practical approach we settled on was to simulate aggressive crisis events and anger outburst moments in a veteran's 
Three actors, in turn, wore the wearable wrist device and recreated the thirteen gestures. The acting scenarios involved three states. It started off with a high-intensity anger condition. Then continued to a graduated anger condition scenario and ending with a non-anger but intense emotion condition. The rationale for the three stages was to ensure the gestures were enacted in a way approximating anger in real life. With time we could see the PPG sensor, GSR sensor picking up data in higher frequency, which indicated the actors were demonstrating a physiological state which simulates that of a real-life scenario where one shows aggressive behavior. These data collection sessions were video recorded. A stopwatch was set and recorded as an additional time point reference to map the time in the video clips to the gesture. Figure 4 shows a moment captured while we collected data.
Finally, a single database was created for data analysis, that included data from all the sensor with precise time-stamps.
IV. DATA ANALYSIS
Using clustering model and expectation maximization (EM) algorithm we were able to cluster 12 unique gestures from the accelerometer data set we collected. Then we applied several classification algorithms among which k-nearest neighbors algorithm (k-NN) gave us the best result. By applying the k-NN algorithm we were able to classify the labeled dataset and came up with a predictive model to classify gestures we are tackling here.
A. Clustering Gesture Data
We used Waikato Environment for Knowledge Analysis (Weka) version 3.8.1 machine learning suite to run the EM algorithm. There are 129 gestures in a total of which 13 are unique. EM algorithm was applied to the accelerometer data set. A split of 75:25 ratio was chosen for training and testing the machine learning algorithm. The maximum number of iterations was 100 by default. When we visualize the output generated by the EM algorithm we have the option to plot the data points of accelerometer sensor's X, Y, Z axis along either of the X or Y axis of the output plane. Figure 5 is displaying the output from the EM algorithm. This clustering output is generated from the accelerometer data of all three subjects. The unsupervised machine learning algorithm was able to find out 12 clusters from the accelerometer data. Twelve different colors represent the 12 gestures. The figure displays a scatter plot of the X-axis and Y-axis of the accelerometer data points. Red, blue, green, cyan and pink clusters are observed marked in circles. These clusters are the strong clusters among all the others. The clusters are labeled with a likelihood value by the EM algorithm.
The accuracy of the identified clusters was 81.72%. The table II lists the top five gesture clusters determined. Figure 6 display the output from the data set of second actor participant. The accelerometer data was fed into the EM clustering algorithm separately. The algorithm was able to detect 9 clusters which represent gestures from the accelerometer data. Among the nine clusters, the top three clusters were knife hand, pointing and pounding fist (orange, blue and ash clusters). The output from all three participants together and the output from an individual participant throws the same clusters. Therefore, it can be concluded that the clustering algorithm detects meaningful gesture clusters on which we can rely on.
After discovering the gestures were in fact distinguishable by using a clustering model, we enhance accuracy and robustness of the model by pairing the unsupervised model with a supervised K-NN algorithm. The clustering model only allowed us to identify the separate gestures combining with a supervised method allowed the model to interpret what the gesture is for future prediction features.
B. Classification Algorithms -Supervised Learning
The research team spent a significant amount of time to label the accelerometer data accurately. This allowed us to apply [15] - [18] . We applied the default quadratic SVM classifier on MATLAB and found the accuracy rate was 23.6%. This is a very low accuracy rate for classification. The accuracy of linear SVM was even worse, that is 19.9%. Figure  8 shows the result of we obtained after running quadratic SVM on the accelerometer data set. The dots (•) represents the correctly classified data point, and the cross (×) represents the incorrectly classified data point on the scatter plot.
2) k-nearest Neighbors (kNN): Lastly, the k-nearest Neighbors (k-NN) algorithm, was applied to the data set and this approach surprisingly obtained the highest accuracy in correctly classifying the accelerometer sensor data points. The accuracy of correctly classifying the data points to the gesture classes was 66.7%. This indicates that out of hundred data points from the E4 accelerometer sensor data more than 66 data points were labeled correctly to the correct gestures. Figure 9 below shows the correctly classified gesture data points.
The figure 9 is the scatter plot of all the correctly classified data points of the 13 gestures along the X and Y axis. We can see most of the accelerometer data points are placed in the 2nd where the value of X is negative, and Y is positive; and the third quadrant where the values of X and Y are both negative. To clear up the clutter, we look at all the class labels (i.e., gestures) separately in figure 10 .
Finally, figure 10 gives us a clear indication of the data points that are correctly classified. A point to be noted here is that there were 13 gestures in the class label when we trained the classifier model, however, in figure 10 there are 12 graphs of the classified data. This is because we merged the last two gestures Throwing money and throwing things in the same graph shown in the very last box. Notice there are two shades of pink data instances labeled indicating the two separate gestures. Another insight we gained from here is that the two gestures of throwing money and things (book, water bottle, etc.) are somewhat similar. It can be taken into consideration when re-creating the data collection scenarios that, these two gestures are not very different from each other.
V. RESULTS
We had four research aims (RA) when we started the research. Those were 1) to be able to distinctively and reliably identify a set of clusters representing aggressive gestures, 2) to find the strongest cluster and the smallest number of gesture from the thirteen gestures that are most informative, 3) to be able to label the accelerometer data to a level of accuracy where every gesture performed would be labeled down to the precision of seconds, and 4) to develop a predictive model with classifier algorithms that would predict a risky or aggressive behavior of a veteran by analyzing and classifying the gesture data from the E4 sensor.
A. Distinctively and Reliably Identify a Set of Clusters Representing Aggressive Gestures
The research team was able to find clusters from the data set we collected and related the clusters to gestures that the actors performed. Section 5 describes the machine learning technique for detecting clusters. We were able to detect 12 gestures after applying EM algorithm. Although there some of the clusters detected were very weak and had low likelihood value, the strong clusters in the output gave us confidence that the algorithmic approach is able to detect the gesture clusters.
B. Narrow Down to the Smallest Number of Gesture that are Most Informative
After doing the data analysis and using EM clustering, we found 12 gesture clusters. However, they were not all very strong clusters. In order to identify clusters accurately with a degree of accuracy, we needed to find the strong clusters outputs. We focused on the top five gesture clusters from the result we got. They are considered as strong clusters since they have a high likelihood value and could instantly tell us which gesture cluster a given data point belongs to. This project presents the analysis of the gesture patterns of an individual that represents aggressive gestures. We found out that 81.72% of times our clustering model correctly identified the five gestures from the accelerometer data.
C. Pin-Point Labeling of the Accelerometer Data and Gestures
A great deal of research was done to label the accelerometer data from the E4 sensor with the gestures performed by the actors. Based on the calculations we did, we were able to accurately label the gestures with the start and end time of their occurrence. The precise data labeling allowed us to get a better classification. The quality data set the foundation of a next research goal which it to build a predictive model that detect risky behavior from the aggressive gesture data form the E4 sensor.
D. Development of a Predictive Model with Classification Algorithms
Applying the k-NN algorithm we were able to classify each gesture correctly with an accuracy of 67.7%. 13 gestures were indicated as the class variable. We used these class members (gestures) to train the classify the data set. This predictive model generated from MATLAB is now ready to run prediction on accelerometer data collected using the E4 device. It can be concluded that the k-NN is the best classification approach one can take to classify the gesture data. We tried out the weighted k-NN, linear SVM, quadratic SVM, Fine Tree, Ensemble boosted trees, classification techniques. However, those classification approaches did not give us satisfactory results.
VI. ONGOING STUDIES
The potential application of our research findings is quite broad. We have been able to identify aggressive gestures that the veteran suffering from PTSD make from the E4 sensor data. When the aggressive gestures are detected, an alert can be sent to the healthcare facility or law enforcement agencies warning about probable risky behavior. A parallel study related to this research outcome is to build a veteran peer mentor social support model using smartphone application. The Dryhootch Quick Reaction Force (QRF) smartphone application [19] is designed to remove the communication barrier between peer mentors and veterans and provides an effective way to reach out to veterans, in case of occurrence of crisis events. This gesture detection process can be incorporated in developing a system that would integrate with the existing QRF smartphone application. The E4 device can be set up to be always connected to a veteran's smartphone, and designed to contact the peer-mentor of an at-risk veteran as soon as it predicts a risky behavior from the veteran's gestures.
VII. CONCLUSION
The research outcome would directly impact the US military veterans. The predictive model could help improve the peer mentor support system existing in Dryhootch of America. This can be adopted as a warning trigger system by the Veteran Affairs across the nation. The use of wearable sensors is becoming more and more popular with time. With more data collected everyday around the world, we could train the model to come up with better classification and eventually make a better prediction by improving the classification approach. This idea of gesture detection can be used in elderly care monitoring as well as in other health and nursing arena.
This research contributed to the science of studying human behavior, focusing on the life of US veterans. Veterans suffering from PTSD or other war trauma engage more in risky behaviors and crisis events compared to the civilian population. By conducting ethnographic research, the research work was able to develop a general taxonomy of warning signs (scenarios, social settings, and gestures). The crisis events leading to aggressive behavior helped us to narrow down gestures that we tried to identify. In summary, we were able to achieve the following research goals: a) distinctively and reliably identify a set of clusters representing aggressive gestures, b) narrow down to the smallest number of gesture that is most informative, c) pin-point labeling of the accelerometer data and gestures, and d) develop a predictive model with classifier algorithms to predict risky gestures.
